A significant step in the design of Heating, Ventilating, Air Conditioning, and Refrigeration (HVAC-R) systems is to calculate room thermal loads. The heating/cooling loads encountered by the room often vary dynamically while the common practice in HVAC-R engineering is to calculate the loads for peak conditions and then select the refrigeration system accordingly.
properly calculate the thermal loads and select the system. Innovative methods that can accurately calculate instantaneous thermal loads without requiring a hefty amount of details can be promising in the design of new HVAC-R systems.
On-off and modulation controllers are widely used in HVAC-R systems which use the room temperature as the controlled variable [6] . However, such controllers mostly act upon the current temperature value and are not aware of the actual thermal load and its variation pattern over the duty cycle. It is shown that intelligent control of the HVAC-R operation based on thermal load prediction can help maintain air quality while minimizing energy consumption [7] , [8] . By predicting the thermal loads in real-time, controllers are enabled to not only provide thermal comfort in the current condition, but also adjust the system operation to cope with upcoming conditions in an efficient manner. Having real-time estimation of thermal loads can result in improved energy efficiency, as the HVAC-R system is enabled to adapt to various demand situations. Argüello-Serrano and Vélez-Reyes [9] stated that availability of thermal load estimations efficiently allows the HVAC-R controller to provide comfort regardless of the thermal loads. Afram and Janabi-Sharifi [10] showed that improved load estimations can lead to the design and testing of more advanced controllers. Zhu . et al [11] studied an optimal control strategy for minimizing the energy consumption using variable refrigerant flow (VRF) and variable air volume (VAV) air conditioning systems. Qureshi and Tassou [12] reviewed various methods of capacity control in refrigeration systems and stated that using variable-speed compressors can be the most energy-efficient method for capacity control. Therefore, the ability to accurately predict thermal loads in real-time can improve the feedback information for the control of HVAC-R systems, which in turn results in significant reduction of total energy consumption and greenhouse gas emissions.
The literature is rich with various approaches proposed for calculation of thermal loads. The American Society of Heating, Refrigerating, and Air Conditioning Engineers (ASHRAE) recognize some of them including the Heat Balance Method (HBM) [13] . HBM is a straight-forward and rigorous method that involves calculating a surface-by-surface heat balance of the surrounding walls of the room through consideration of conductive, convective, and radiative heat transfer mechanisms. After calculation of heat flows across all walls and openings, the heat balance equation is solved for the room air to complete the solution procedure. The method has been extensively used in residential, non-residential, and mobile applications [14] [15] [16] [17] .
HBM is known as a 'forward' or 'law-driven' approach, . . i e , it estimates the loads based on rigorous details of the room. Feedback data from the system are seldom incorporated in the formulations of this method. In contrast to HBM, 'inverse' or 'data-driven' methods study existing HVAC-R systems and allow the thermal performance of the system to be inferred from measured temperature values. Such approaches mathematically evaluate the loads through learning and testing rather than analyzing the heat transfer equations. Li . et al [18] presented four modeling techniques for hourly prediction of thermal loads. The methods included back propagation neural network, radial basis function neural network, general regression neural network, and support vector machine. The mathematical models they used correlated the cooling load with parameters such as the ambient weather, but the heat transfer equations were not explicitly used. Kashiwagi and Tobi [19] also proposed a neural network algorithm for prediction of thermal loads. Ben-Nakhi and Mahmoud [20] used general regression neural networks and concluded that a properly designed neural network is a powerful tool for optimizing thermal energy storage in buildings based only on external temperature records. They claimed that their set of algorithms could learn over time and improve the prediction ability. Sousa . et al [21] developed a fuzzy controller to be incorporated as a predictor in a nonlinear model-based predictive controller. Yao . et al [22] used a case study to show that a combined forecasting model based on a combination of neural networks and a few other methods can be promising for predicting a building's hourly load for the future hours. Solmaz . et al [23] used the same concept of neural networks to predict the hourly cooling load for vehicle cabins.
Fayazbakhsh
. et al [24] proposed a simple method that can estimate the total heat gain and thermal inertia of the room using an inverse calculation method and real-time temperature measurements.
Although producing acceptable results, methods that are purely based on artificial intelligence are inherently unaware of the heat transfer mechanisms. Thus, they might prove unreliable in new scenarios and conditions for which they are not trained. A number of recent studies aim at combining artificial intelligence algorithms with conventional load calculation methods to improve them. For instance, Wang and Xu [25] , [26] used genetic algorithm to estimate thermal parameters of a building thermal network model using the operation data collected from site monitoring. They combined a Resistance-Capacitance (RC) model of the building envelope with a data-driven approach where their RC model parameters were corrected via real-time measurements. The results of conventional load calculation methods can be improved by incorporating new mathematical algorithms that act on simple real-time measurements. Table 1 summarizes the above-mentioned studies proposing novel methods for calculation of thermal loads for various applications. The disadvantage of some of these methods is their complexity of implementation in typical HVAC-R applications. While relying upon conventional design methods can cause remarkable inaccuracies in thermal load estimations, incorporation of artificial intelligence methods may require computational resources that may not be available for typical systems. An accurate real-time load calculation method that is also simple to implement can be beneficial for practical engineering applications of HVAC-R design.
In this study, the heat balance method is combined with a data-driven approach to propose a new model for thermal load estimation. The proposed method is based on the governing equations of heat transfer while utilizing real-time measurements to improve the estimation accuracy. A simple mathematical approach based on gradient descent optimization is used to adjust the method's coefficients during a few training steps. The proposed method is intended to be an intermediate solution for simple yet accurate thermal load calculations. In comparison to the above-mentioned studies, it is attempted that the current method be:
• based on fundamental heat transfer equations, therefore generally applicable to various problems, but requiring little room information,
• data-driven, therefore automatically adjusted based on feedback temperatures, but requiring few sensors, and
• mathematically simple, therefore avoiding computational intensity, but providing accurate load calculations.
A testbed is designed and built to simulate thermal loads in a generic chamber. The modeling results are experimentally validated using the testbed. The approach can aid the design process of new systems and also help retrofit existing systems. The main advantage of the proposed method is that it can provide controllers with an estimation of the real-time thermal loads, while the accuracy of the method is progressively improved by a mathematical self-adjusting algorithm. Moreover, the present model is relatively simple and computationally inexpensive. Since the general form of the heat balance method is used as the basis for the governing equations, the proposed method is applicable to any HVAC-R system in general. As such, the same concept can be used for residential buildings, office buildings, freezer rooms, and vehicle air conditioning systems.
Model Development
The methodology of the heat balance method is followed to develop a real-time thermal load calculation algorithm. As shown at the bottom of Fig. 1 , the room air is in thermal balance with internal sources, ventilation load, and heat transfer across walls, as shown by the following equation:
where V Q is the heat loss due to ventilation and infiltration, W Q is the total heat loss from the room to the ambient air across the walls, and I Q is the heat gain from internal sources. In the absence of a cooling system and when the steady-state condition is reached, . . to improve the accuracy of the latter for various air distribution patterns and convective coefficients. Of course, such methods are time consuming and computationally intensive and may not be desirable options for many applications, especially on board a vehicle. Thus, the calculation of the convective and radiative heat transfer rates intrinsically contains more complexity compared to the conductive heat transfer which follows the Fourier's law of conduction [33] .
The wall conduction is in series to the outside and inside face heat balances, . . i e , the same amount of heat transfer rate crossing the outside face, conducts through the wall, and eventually passes through the inside face.
Having a real-time measurement of the temperatures on both sides of a wall, . . i e , having the actual o T and i T at steady-state conditions enables us to calculate the total heat transfer rate across the wall.
The total wall heat transfer rate is the summation of all individual wall heat transfer values:
where , W j Q is the heat transfer rate across wall j , and n is the number of walls. According to Fourier's law of conduction [33] , the heat transfer rate is linearly related to the temperature gradient: 
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where k is the conduction heat transfer coefficient, A is the wall surface area, and b is the wall thickness. The underlying assumptions for using Eq. (3) are uniform temperature over the surface, uniform wall thickness, and uniform thermal conductivity. In practice, rarely any of these conditions are met. The wall of a vehicle cabin or a residential room normally has different layers of materials with various thicknesses and thermal properties.
Furthermore, much geometrical and thermal information are either unavailable or inaccurate while analyzing or retrofitting the HVAC-R performance of a room. An adjustment method is proposed in the following to automatically calculate and correct the wall heat transfer coefficients.
Combining Eqs. (2) and (3), the total wall heat transfer rate is written as: (1) and (4), we arrive at:
where 0 w to n w are called the weight factors. As previously mentioned, there are always uncertainties and inaccuracies associated with the calculation of the weight factors. Nevertheless, considering Eq. (1) Equation (5) is a linear function in which 0 w is called the 'bias weight' and 1 w to n w are called the 'input weights' [22] , [34] [35] [36] . In order to establish a simple formula for updating the weight factors, a 'transfer function' f can be applied to the right hand side of Eq. (5) to arrive at the following:
where O is the calculated output and f is the Sigmoid function [36] :
Finally, in order to adjust the weight factors 0 w to n w , a training process is required where I Q is known alongside the measured temperatures i T and o T for a few cases. The correction procedure is implemented according to [34] :
where η is the learning rate. (1) is written for steady-state conditions. As such, the training scheme of Eq. (8) is most reliably applicable to temperature measurements at steady state conditions. In practice, once the steady-state condition is reached, the temperatures are sensed at every time step, say every second, and the training procedure is performed using those readings. However, although the mentioned steps occur in time, they are merely regarded as iteration steps for Eq. (8) . Therefore, the overall algorithm must not be mistaken for a transient formulation.
In summary, the objective function of the discussed optimization algorithm is F D O = − which is the difference between the real internal heat gain and the calculated internal heat gain. Although the weight factors may mathematically converge to negative values, it is necessary that they retain their physical meaning, . . i e , the wall thermal conductance values which are always positive. Thus, it is deemed to minimize the objective function F subject to the constraints 0 1 , , , 0
. A significant advantage of the proposed technique is that considerably little information need to be known about the room in order to calculate the thermal loads. The weight factors which are updated in the training procedure can be initiated from any arbitrary value such as zero. Figure 2 summarizes the overall load calculation algorithm including the training procedure. As shown in 
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estimation data provided by this method can aid conventional or intelligent controllers to streamline the operation of the HVAC-R system.
Results and Discussion
To test and verify the proposed model, a custom-designed testbed is built as shown in Fig. 3 . at a sampling rate of 1Hz . Regular tape was used to attach the thermocouples as shown in Fig. 3 . Since the present model relies on automatic adjusting of the wall heat transfer coefficients, no specific concern exists regarding the accurate location and attachment method of the thermocouples. There are four openings on the front and rear walls of the chamber which are all blocked and the chamber is sealed in order to avoid air infiltration and ventilation. However, a small amount of air infiltration may still exist due to imperfect air sealing. Table 2 shows the precise locations of the installed thermocouples. The reference coordinates are shown in Fig. 3 . Each pair consists of two opposing thermocouples installed on the two opposite sides of the corresponding wall in the chamber. Figure 4 shows a computer model of the chamber alongside its cross section in a cut view. Overall chamber dimensions are also shown in Fig. 4 and the names of different components and parts are also identified.
An electrical heater with controlled input power is placed inside the chamber at an arbitrary location. A fan is placed behind the heater to blow air over it and properly circulate warm air inside the chamber. The location of the fan is kept constant for all tests, since a new air distribution pattern might necessitate retraining the algorithm to update the weight factors. While the heater power is variable, the fan power consumption is constant and measured as 10W . This energy consumption is eventually converted to heat in the enclosed chamber through damping of the air motion. Therefore, this value is also added to the total heating power. The heater consists of a resistor that provides Joule-heating with controlled input power. The amount of power provided to the heater is controlled and monitored by a programmable DC power supply (62000P, Chroma Systems Solutions Inc., Orange County, CA, US). According to the manufacturer's datasheet, the uncertainty of the power consumption measurements is 0.4%. Since there is no other heat source available in the chamber, the total power input to the fan and the heater can be regarded as the direct heat gain from internal sources I Q of
Eq. (1).
The model is applied to the testbed shown in Fig. 3 for various values of direct internal heat gain enforced by varying heater power levels. At every stage, the heater power is kept constant for 10 minutes in order to assure the steady-state condition is reached. Figure 5 shows the temperature values at the steady-state conditions However, in order to ensure that the resulting set of weight factors is correct for all future loading conditions, it is recommended to repeat the training algorithm for several heat gain conditions.
To validate the model, the testbed wall thermal conductance values are measured. A thermal conductivity measurement machine (Hot Disk TPS 2500 S Thermal Conductivity System, ThermTest Inc., Fredericton, NB, Canada) is used to measure the thermal conductivity k of the chamber components. The thermal conductivity of the glass, wood, and plastic materials used for constructing the chamber are measured as 1.05W m C°, 0.2W m C°, and 0.26W m C°, respectively. As observed in Fig. 3 , the chamber walls do not consist of uniform materials. Furthermore, the wall shapes are not necessarily flat and their thicknesses are non-uniform. Table 3 shows an approximate average of the thicknesses, surface areas, and overall heat transfer coefficients of the testbed walls.
In common engineering practice, the designer would investigate the room and find the conductance values shown in Table 3 to be used in the heat balance method and Eq. (4) . If the conductance values found from the careful measurement of thickness, area, and conductivity are precise, they will satisfy the heat balance equation 
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and accurate load calculations will follow. However, accurate material data are seldom available to be used in precise estimations of conductance values. Furthermore, wall materials and insulations are often subject to degradation which changes their conductivity value. Moreover, the averaging and approximation of the properties by the engineer is prone to inaccuracies that can result in thermal load miscalculations. The current method provides a means to overcome these issues by utilizing actual system data for calculation adjustment.
The proposed method can thus be specifically promising for retrofitting existing systems and designing new ones. Table 4 shows the adjusted weight factors after 20 correction steps shown in Fig. 6 . Note that all the weight factors are initiated from zero, which means that the method can perform well almost unsupervised. As observed in Fig. 6 , the calculated power is converged to the exact heater power in 7 steps, .
. i e , after only 7
seconds of training. It shows that a controller designed based on the proposed algorithm can adjust to the room conditions within seconds of the training procedure initiation.
Since the gradient descent optimization technique inherently finds the local minima of the objective function [38] , the adjusted weight factors depend on their initial values and can converge to a combination of 0 w to 6 w that may not necessarily correspond to the global minimum of the objective function. As such, a disadvantage of the proposed method is that the weight factors may converge to wrong values and the training algorithm can get trapped in local minima. Bad convergence may result in incorrect load estimations at heat gain levels other than what the algorithm is trained for. Also, a change in the air distribution pattern can lead to uselessness of the old trainings. In order to avoid such issues, it is recommended that the algorithm be trained as many times as possible during the system operation. By random triggering of the training procedure over the lifetime of the HVAC-R system, the risk of load miscalculations can be minimized.
The testbed wall properties are carefully investigated to acquire the wall conductance values as accurately as possible. However, all the weight factors shown in Fig. 6 have converged to different values than their physical estimations in Table 3 . Table 4 shows the adjusted weight factors compared to their physical estimation 
according to their corresponding heat transfer coefficients seen in Table 3 . The relative errors between the adjusted value and physical estimations are shown as the adjustment percentage. It can be inferred from these percentages that the average wall heat transfer coefficients can be estimated with large errors while utilizing the proposed data-driven approach does not even necessitate any knowledge of the room physical properties. Figure 7 shows the calculation of thermal loads using both physically estimated and mathematically adjusted weight factors. The 30 discrete levels of internal heat gain discussed in Fig. 5 are tested until the testbed reached the steady state. The thermal load estimation based on the raw physical weight factors are shown as the unadjusted calculation. The heat gain calculations based on the adjusted weight factors are also shown in Fig. 7 as the adjusted calculation. It can be seen that using the raw heat transfer coefficients can result in huge errors in the calculation of thermal loads. In this specific case, there is a minimum of 144% error in the heat gain estimation using physical coefficients. The adjusted weight factors, however, result in a maximum error of 16% in thermal load calculations. It is further observed in Fig. 7 that the adjusted heat gain calculations are relatively more accurate for heater power levels closer to 0.334
compared to lower and higher power levels. This hints that the best practice is to train the algorithm for heat gain levels that are more frequently experienced by the system, so that future estimations will be done more accurately.
The modeling approach of the present study is based on the heat balance method which is a general-purpose methodology for residential and non-residential applications. Since the underlying heat transfer equations are applicable to any geometry and configuration, there is not a theoretical hindrance for using it in buildings or vehicles. Therefore, the proposed method can be applied to any stationary, mobile, air conditioning, or refrigeration application. However, since the steady-state conditions are assumed, rapid temperature dynamics may reduce the accuracy of the method. As such, the algorithm must be utilized more cautiously in vehicle applications where the cabin is small and subject to temperature fluctuations.
As a data-driven method, a disadvantage of the proposed method is that it requires some training. Although the training procedure can be performed within seconds, the actual heat gain values which are the training target 
may be unavailable in many cases, as they can never be directly measured. However, it is possible to artificially impose a known heat gain to an existing room using the same testing approach of this study, .
. i e , isolating the room from all possible thermal loads except a known source of internal heating or cooling. As such, retrofit analysis of existing systems as well as design of new systems is possible by this method. Whenever direct testing of the room for training is not possible, conventional law-driven methods established by ASHRAE or complicated intelligent algorithms based on fuzzy logic or neural networks can be used to provide an estimation of the actual heat gains. The heat gain values acquired from such methods can be fed to the algorithm to complete the training procedure. Afterwards, the proposed algorithm can replace those complicated and timeconsuming calculations, as it keeps providing real-time estimations that may be even more accurate than the mentioned methods. Of course, higher accuracy of the law-driven estimations used for training and higher number of installed sensors can directly lead to better performance of the method. Once a system is initiated and trained, the method can be further used for prediction of loads in future cases experienced by the room.
Conclusions
A self-adjusting method is proposed to calculate instantaneous thermal loads using real-time temperature measurements. The heat balance method is incorporated in an automatic correction algorithm where the gradient descent optimization technique is used for adjusting the heat transfer coefficients. The proposed method is verified by experimental results and it is shown by a case study that the self-adjusting algorithm can estimate the loads with a maximum error of 16% while using the unadjusted physical properties of the walls can lead to a minimum error of 144% in load calculations.
Since the present methodology is based on fundamental heat transfer equations, it can theoretically be used in various applications of stationary, mobile, air conditioning, or refrigeration systems. However, it must be used more cautiously in applications where temperatures are transient and fluctuating. A disadvantage of the proposed method is that it requires some training that may not be readily possible in some applications. To circumvent this issue, other approaches of law-driven load calculation can be utilized as an interim training step.
The proposed method can be implemented in existing as well as new HVAC-R systems to aid their design process and retrofit analysis.
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